Adjusting Cropping Calendars of Rice-based Systems to Mitigate Heat Stress Under Climate Change in South Asia by Wang, X.
1 
YSSP Report 
Young Scientists Summer Program 
Adjusting Cropping Calendars of Rice-based 
Systems to Mitigate Heat Stress Under 
Climate Change in South Asia
Author: Xiaobo Wang 
Email: wxbwxb1995@163.com 
Approved by 
Supervisor: Folberth Christian (ESM) 
Co-Supervisor: Skalsky Rastislav (ESM) 
Program: YSSP 2020 
October 31, 2020 
This report represents the work completed by the author during the 
IIASA Young Scientists Summer Program (YSSP) with approval from the 
YSSP supervisor.  
It was finished by ____31 0ctober 2020_____ and has not been altered 
or revised since. 
This research was funded by IIASA and its National Member Organizations in Africa, the Americas, Asia, and Europe. 
This work is licensed under a Creative Commons Attribution-NonCommercial 4.0 International License. 
For any commercial use please contact repository@iiasa.ac.at 
YSSP Reports on work of the International Institute for Applied Systems Analysis receive only limited review. Views or opinions expressed 
herein do not necessarily represent those of the institute, its National Member Organizations, or other organizations supporting the work. 
ZVR 524808900 
Supervisor signature: 
 
 
 
2 
Abstract 
 
Climate change poses increasing risks to food security of South Asia with more severe heat stress, 
water scarcity, and flooding. As one of the major adaptation measures, adjusting crop calendars could 
be a feasible and effective solution to avoid adverse effects on crop yield potentials in a changing 
climate by allowing crops to grow in more favorable weather conditions. Previous single-crop and 
single-objective studies on the optimization of crop planting dates lack comprehensive consideration 
of multi-crop rotation systems, especially rice-based cropping systems with very short growing 
season intervals in Asian tropical monsoon regions. This study seeks to better understand potentials 
and limitations of adjusting crop calendars for climate change adaptation of double-rice and rice-
wheat rotation systems, with a particular focus on the following questions: (1) Is it possible to avoid 
yield loss of rice and wheat through adjusting crop calendars in the study area? (2) How will fallow 
period between crop growing seasons change in the future? (3) What are relationships between crop 
yield improvement, irrigation water requirement, and heat stress mitigation in the study area?  
 
To address these questions, we calibrated a spatial implementation of the Environmental Policy 
Integrated Climate (EPIC) agronomic model to estimate annual potential yields, irrigation water 
requirement, and heat stress days of irrigated double-rice and rice-wheat cropping systems in 
Bangladesh, India, and Myanmar (the BIM countries), and adjusted crop calendars (a) by single-
objective optimization with maximum yield and (b) multi-objective optimization with least irrigation 
water requirement, minimum heat stress days, and highest potential yield under climate change.  
 
Our results indicate that most yield loss in rice and wheat could be avoided through shifting 
planting dates while considering effects of elevated atmospheric CO2 concentration on biomass 
assimilation and transpiration. The model indicates that fallow periods between kharif-rice harvest 
dates and rabi-rice planting dates in double-rice systems are likely to become longer due to shorter 
growing season duration meanwhile fallow periods between kharif-rice harvest dates and rabi-wheat 
planting dates in rice-wheat systems are likely to become shorter due to advanced planting dates of 
rabi wheat, which implies that double-rice systems in the BIM countries will have more flexibility to 
cope with smaller time windows for crop growth and development in the future. Moreover, nearly 
half of the study area has the potential to increase yield by more than 10% through changing crop 
calendars compared to the basic scenario with non-adjusted crop calendars under RCP8.5 in 2080s, 
but 59% of these areas would face contradictions in obtaining crop yield improvement, saving 
irrigation water, and mitigating heat stress in the future. We found those areas suitable for adopting 
shifting planting dates as one of adaptation strategies from the perspective of climate conditions, 
such as Punjab state in India and Rangpur in Bangladesh, are also the areas with shortened growing 
season intervals, which requires great efforts to achieve the adaptation objectives under climate 
change. Thus, the trade-off among economic cost, environmental impacts, and food security should 
be carefully considered for local governments and farmers to promote adjustment of crop calendars 
in the future.  
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1 Introduction 
Governments have agreed on a target to end hunger, food insecurity and all forms of malnutrition in 
the world by 2030, but there are many threats to achieve this sustainable development goal (United 
Nations, 2015; FAO et al., 2020). In South Asia, the rapid increase of food demand and limited scope 
for expanding cultivated area will be a challenge for ensuring regional food security, which requires 
great efforts in crop yield improvement. In addition, climate change is expected to present an array 
of challenging consequences, such as more severe heat stress, water scarcity, and flooding, leading 
to a general decline in food production over the next two to three decades and turn into a major cost 
driver of food in the near future according to previous research (Spijkers, 2010; FAO et al., 2020).  
 
Future climate change scenarios highlight a widespread increase of high temperature events in 
India, the frequency of which at the end of the 21st century will be 30 times higher than that at the 
beginning of the century by 2°C of global warming (Mishra et al., 2017, Ruane et al., 2018). Increasing 
number of days with high temperatures will potentially reduce crop yield by affecting CO2 assimilation 
rates, shortening crop development duration, raising the vapor pressure deficit (VPD), and leading to 
sterility (Wang et al., 2020). A systematic review of published simulation works reveals that 
temperature rise is expected to induce aggregate production losses of wheat, rice, and maize in 
tropical regions without any adaptation strategies (Challinor et al., 2014). Fortunately, most yield loss 
in rice and wheat may be avoided, or even reversed, in tropical regions with suitable adaptation 
strategies under the 2°C warming scenario. Crop-level adaptations including changes in planting 
times, varieties, irrigation, and residue management could increase simulated yields by an average of 
7–15%, with adaptations more effective for wheat and rice than maize (Challinor et al., 2014). 
 
As the largest water demand sector in South Asia, irrigation water saving for main food crops, 
rice, and wheat, needs special attention to deal with future food production. It is estimated that most 
river basins in India would be facing water scarcity due to the combined increase in water demand 
for irrigated agriculture, population growth, and higher standard of living by mid-century (Mujumdar, 
2008; Hijioka et al., 2014). Moreover, climate change poses additional impacts on seasonal water 
scarcity. According to Coupled Model Intercomparison Project Phase 5 (CMIP5), the contrast in 
precipitation between wet and dry seasons in South Asia will be greater in the future, which means 
extreme high flows are likely to be higher in wet seasons and extreme low flows are likely to be lower 
in dry seasons, leading to more severe water scarcity in dry season and more frequent floods in wet 
season (IPCC, 2013).  
 
Among the major adaptation measures, adjusting crop calendars could be a feasible and 
effective solution to offset adverse impacts of a changing climate on crop yield potentials. According 
to previous studies, the crop's phenological responses to climate change result in a shorter growing 
season of Boro rice and Rabi wheat in Bangladesh and India, which provides more flexibility to shift 
planting times and growth period (Lobell et al., 2012; Acharjee et al., 2019). Shifting planting dates 
allows crops to grow in more favorable weather conditions. It can be applied to not only avoid 
temperature stress (Basak et al., 2010; Karim et al., 2012; Shelley et al., 2016), but also significantly 
reduce water use (Mainuddin et al., 2011, Acharjeea et al., 2019). Nevertheless, avoiding heat stress, 
reducing irrigation water consumption, and mitigating potential yield loss are sometimes 
contradictory in regions with asymmetric water and thermal changes. Previous studies on the 
optimization of crop calendars mainly focused on one growing season or one aspect of the 
optimization, lack of comprehensive consideration in the context of food security and water scarcity 
at the regional scale, especially the impact of changing a crop’s planting and harvest dates on the 
crops that are planted subsequently (Waha et al., 2013; Agnolucci et al., 2020).  
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Based on gaps identified in the literature, this study seeks to address the following research 
questions: 
 
⚫ Is it possible to avoid yield loss of rice and wheat through adjusting crop calendars in the study 
area? 
 
⚫ How will fallow period between crop growing seasons change under climate projections? 
 
⚫ What are relationships between crop yield improvement, irrigation water requirement, and heat 
stress mitigation in the study area? 
 
To address these questions, we used a calibrated and validated spatial implementation of the 
Environmental Policy Integrated Climate (EPIC; Williams, 1990) model to estimate annual potential 
yields, irrigation water requirement, and heat stress days of irrigated double-rice and rice-wheat 
cropping systems with different crop calendars in India, Bangladesh, and Myanmar. We shifted crop 
calendars at a county level in main grain producing areas based on RiceAtlas and SAGE database, 
which are most comprehensive and detailed global crop calendars currently available. Optimal 
planting dates in double-rice and rice-wheat cropping systems of the study region were selected with 
the criteria of relative low irrigation needs, less heat stress days, and potential yields under multiple 
climate change scenarios by the mid and end century. It should be noted that “yield improvement” in 
this study refers to the yield increase in the optimized scenario with adjusted crop calendars compared 
to the basic scenario with non-adjusted crop calendars under the same weather conditions. This study 
will contribute to the understanding of potentials and limitations of crop growing season adaptation 
to climate change and provide scientific evidence for local policies to ensure food security. 
 
2 Methodology 
2.1  Study area 
Bangladesh, India, and Myanmar (BIM countries), with about one fifth of the world’s population, play 
a vital role in the fight against global hunger under climate change (Wheeler et al., 2013). The BIM 
countries are major food producing countries in the world, especially rice production of which 
accounted for nearly one-third of global rice production in 2020 (http://www.fao.org/faostat/en/). 
However, the crop yields in the BIM countries are lower than the world average and still have great 
potential to be improved (Wang et al., 2018).  
 
Base on MapSPAM 2000 and RiceAtlas database, we selected the regions dominated by double-
cropping systems with more than 1000 hectares per pixel (0.1°×0.1°) of rice or wheat harvest areas in 
the BIM countries as the study region (Laborte et al., 2017; International Food Policy Research Institute, 
2019). Most of the rice-wheat rotation areas of the study region are distributed in upper and middle 
Indo-Gangetic plain, where rice and wheat are planted in Kharif season (wet season, May to October) 
and Rabi season (dry season, December to April), respectively. The multi-rice producing areas are 
widely distributed in the lower Indo-Gangetic plain, the Brahmaputra river plain, coastal areas of the 
Indian Peninsula, and the Irrawaddy Delta region, where rainfed rice and irrigated rice are mainly 
planted in Kharif season and Rabi season, respectively (Figure 1). 
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Figure 1  Principle rivers and dominant cropping systems in the study area 
 
2.2  Model simulation 
2.2.1 Data 
The data and methods used in this study are shown in Figure 2: 
 
Historical weather data: We obtained daily maximum temperature, daily minimum temperature, 
precipitation, solar radiation, relative humidity, and wind speed during 2001–2015 from the CRUNCEP 
Version 7 with a spatial resolution of 0.5° × 0.5° (Viovy, 2018). 
 
Future climate scenarios: The climate change scenarios data used in the study are mean values 
of five regional climate products derived from the Coordinated Regional Climate Downscaling 
Experiment in South Asia (CORDEX-South Asia), including ACCESS1–0, CCSM4, GFDL-CM3, CNRM-
CM5, and MPI-ESM-LR under the Representative Concentration Pathway (RCP) 4.5 and RCP 8.5 
during 2041-2070 and 2071-2099. Details of the model experiments for the south Asia region can be 
found in http://cccr.tropmet.res.in/home/ftp_data.jsp. 
 
Crop calendars: In order to identify the start and end time of growing seasons for Kharif rice and 
Rabi rice, we used RiceAtlas (Laborte et al., 2017) to extract spatial distribution of peak 
planting/harvest dates of rice in the study area. RiceAtlas database is the most comprehensive and 
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detailed global rice calendar currently available. The crop calendar of Rabi wheat was extracted from 
Sacks et al. (2010). 
 
Crop growth parameters: Growth parameters of rice and wheat including base temperature 
(Tbase), optimum temperature (Topt), maximum potential leaf area index (DLMA), fraction of growing 
season when leaf area declines (DLAI), Biomass-Energy Ratio (WA), and harvest index (HI) were 
obtained from Jalota et al. (2012), Xiong et al. (2014), and Wang et al. (2020), which have been 
calibrated by the field experiments conducted in the study region (Table 1). Potential heat units (PHU) 
of rice and wheat were calculated at a pixel scale by the accumulation of the part of air temperatures 
higher than growth base temperatures between planting dates and harvest dates.  
 
Table 1  Crop parameters used in the EPIC model 
Crop parameters Rice Wheat Units 
WA 35.00 35.00 kg MJ-1 
HI 0.55 0.45 -- 
Tbase 10.00 3.00 oC 
Topt 25.00 20.00 oC 
PHU 2034±418 2010±327 oC 
DLAI 0.80 0.64 -- 
DLMA 8.00 8.00 -- 
 
Soil data: Resources of soil data input into the crop model were spatial soil property estimates 
with 7 soil layers from WISE30sec database (Batjes, 2015). 
 
MODIS LAI data: In order to discuss the uncertainty in modelling the effects of temperature 
change on growth season length (Lobell et al., 2012), we compared crop growth duration simulated 
by EPIC model and that observed by satellite remote sensing from 2003 to 2015 in pixels with harvest 
areas of rice or wheat more than 50 hectares/km
2
. The observed growth season length was based on 
time-series LAI obtained from database MOD15A2, which is a MODIS product composited every 8 
days at 1-kilometer resolution. The observed LAI series was processed by cubic spline interpolation 
and wavelet transform in each rice and wheat pixel (Sakamoto et al., 2005), and they were calibrated 
with ground measurements by linear transformation (Manikandan, 2019). Following Lobell et al. 
(2012), we computed growth season length of rice and wheat in each year as the number of days 
between the point when the LAI reaches 10% of its maximum amplitude for that season and the 
equivalent point on the declining portion of the LAI curve. 
 
Potential yield estimates: To validate potential yields simulated by EPIC model, the robust site-
specific estimates of potential yields based on field experiments  of irrigated wheat and rice under 
optimal growing conditions were selected in the study region from Global Yield Gap Atlas (GYGA) 
database(http://www.yieldgap.org/web/guest/home). Also, we collected mean potential yields of rice 
in the BIM countries obtained by field experiments, statistical methods, and crop model simulation 
from published literature (Peng, 1999; Waddington et al.,2010; Neumann et al., 2010, Foley et al., 
2011; Mueller et al., 2012, Wart et al., 2013, Ittersum et al., 2013; Wang et al., 2018). 
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Figure 2  Schematic of the study design 
 
2.2.2  EPIC model description 
The Environmental Policy Integrated Climate (EPIC) agronomic model developed by United States 
Department of Agriculture (USDA) and Texas A&M University is a system dynamics model to simulate 
climate-vegetation-soil-management relationships in agricultural systems. The model was first used 
to quantitatively assess effects of soil erosion on crop yield, and then simulation functions were added 
to calculate the impacts of carbon dioxide (CO2) fertilization, change of water quality, and cycles of 
soil carbon, nitrogen and phosphorus. The EPIC model has been widely used in crop yield estimation, 
climate change impact assessment, precision agriculture, and regional agriculture planning (Gassman 
et al., 2005; Fan et al., 2012). So far, many versions of EPIC model have been developed, and EPIC0810 
is used in this study. 
 
The EPIC0810 model simulates crop photosynthetic assimilation on a daily basis. The calculation 
of crop yield could fall into four steps (Williams, 1990). (1) Based on accumulated temperature, latent 
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heat, and environmental stress, the EPIC model computes the daily variation of leaf area index and 
the daily photosynthetically active radiation (PAR) intercepted by the crop canopy. (2) The daily 
change of potential biomass is calculated by atmospheric CO2 concentration, air humidity, and PAR. 
(3) The daily actual biomass of the crop was obtained by multiplying the potential biomass with the 
stress factors of that day. (4) The final yield of the crop is calculated by the product of the harvest 
index and the above-ground biomass accumulation in the whole growth period.  
 
In the EPIC0810 simulation of rice and wheat, leaf area index (LAI) is initially zero or very small 
and increases exponentially at the early stage of vegetative growth, when the rates of leaf primordia 
development, leaf tip appearance, and blade expansion are linear functions of heat unit accumulation 
(Williams, 1990). After reaching a maximum, LAI begins to decline and approach zero at physiological 
maturity (Williams, 1990). In the EPIC model, leaf expansion, final LAI, and leaf duration are also 
reduced by stress factors (Williams, 1990). 
 
Radiation use efficiency is sensitive to atmospheric CO2 concentration in EPIC0810 model. CO2 
Concentration/Resulting WA value in the EPIC model (WAC2) is an "S" curve parameter used to 
describe the effect of CO2 concentration on the crop parameter WA. The value on the left of the slash 
symbol (‘/’) is a value of CO2 concentration higher than current ambient (i.e., 660 ppm) and the value 
on the right of the slash symbol is the corresponding value WA. This study set WA as 35 kg MJ
-1
 (Table 
1) for both rice and wheat at 330 ppm CO2, and elevated value of WA was set to 47 kg MJ
-1
 with the 
fertilization ratio of 1.35 commonly used in EPIC0810 model for C3 crops under 660 ppm CO2 (Kimball, 
B.A., 1983). 
 
2.2.3  EPIC model setup 
In this study, the solar radiation absorbed by rice and wheat was calculated using the Beer law 
proposed by Monsi and Saeki (Hirose, 2005), and potential evapotranspiration was calculated by the 
Penman-Monteith method (Monteith and Moss, 1977) in the EPIC0810 model. Plant population for 
rice and wheat in the simulation is 300 plants/m
2
. The soil profile was set to be static and all fields are 
set at zero slope to eliminate the long-term effects of soil erosion and nutrient deficiency on crop 
yield. The calculation of crop growth duration followed the heat unit (HU) accumulation approach, 
where the crop will not be harvested until the defined heat unit requirement to reach maturity is met. 
We selected auto-irrigation and auto-fertilization mode of EPIC0810 model to estimate non-
nutrient-and-water-limited yields of rice and wheat, with the focus on the impacts of temperature 
rise and precipitation change on crop heat stress and irrigation water requirement under climate 
change scenarios. Additionally, we adopted furrow irrigation with furrow dikes in the study region. 
 
2.2.4  Calculation of irrigation needs and temperature stress 
In EPIC 0810 model, we input 0.99 as a plant water stress level to trigger automatic irrigation. The 
daily water stress level is the ratio of water supply and demand computed by formula (1): 
𝑊𝑆𝑖 =
∑ 𝑢𝑖,𝑙
𝑀
𝑙=1
𝐸𝑃𝑖
                                                                               (1) 
where WS is the water stress level, u is the water use in layer l, and Ep is the potential plant water 
evaporation rate on day i (Williams, 1990). 
 
In auto-irrigation mode, soil water content of the crop root zone is kept above field capacity and 
runoff losses are satisfied by adequate application volume. The irrigation volume is calculated with 
the equation (2): 
𝐼𝑅𝑅𝐼 =
𝐹𝐶−𝑆𝑊
1−𝐸𝐼𝑅
                                                                               (2) 
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where IRRI is the volume of irrigation water needs (mm), FC is the root zone field capacity (mm), SW 
is the soil water content of the root zone (mm), and EIR is the runoff ratio (Williams, 1990). 
In EPIC model, temperature stress of the plant is estimated with the formula (3): 
𝑇𝑆𝑖 = sin [
𝜋
2
(
𝑇𝐺−𝑇𝑏𝑎𝑠𝑒𝑗
𝑇𝑜𝑝𝑡𝑗−𝑇𝑏𝑎𝑠𝑒𝑗
)]                                                               (3) 
where TS is the plant temperature stress factor, TG is the soil surface temperature (oC), Tbase is the 
base temperature for crop j, and Topt is the optimal temperature for crop j. formula (3) produces 
symmetrical plant growth stress about the optimal temperature and considers average daily soil 
surface temperature as a stress indicator (Williams, 1990). 
 
2.2.5 Structure of simulation units 
The EPIC0810 model simulation is based on site scale with maximum field area of 250 acres, thus we 
need scale up the simulation results to a regional scale. In this study, simulation units adopted are 
based on a 0.1° x 0.1° spatial grid. The 30-second soil data was upscaled by taking the mode in each 
0.1° x 0.1° unit intersected with the climate grid from CRUNCEP_v7 or Cordex_SouthAsia at 0.5° x 0.5°, 
study areas selected from MapSPAM 2000 at 0.1° x 0.1°, and grided crop calendars at 0.1° x 0.1° 
converted from county-level vector data (crop calendar of different units in the same county is 
homogeneous). The EPIC0810 model is forced with input data for each of these simulation units, 
which can be considered homogenous in terms of topographic, edaphic, climate, and management 
conditions, as a representative field. For model validation, the yield of rice and wheat on the regional 
scale was calculated by weighted mean of harvest area according to MapSPAM 2000. For double-
rice systems, the annual potential yield is the sum of Kharif rice yield and Rabi rice yield in the 
corresponding simulation unit. For rice-wheat rotation systems, the annual potential yield is the sum 
of Kharif rice yield and Rabi wheat yield in the corresponding simulation unit. Additionally, in order to 
match the simulation units, the MODIS pixels in the region with harvest areas of rice or wheat more 
than 50 hectares/km
2
 are resampled by arithmetic mean from 1km x 1km to 0.1° x 0.1° resolution, 
and only the units with bimodal shape in MODIS LAI curve are selected for comparison. 
 
2.3  Multi-objective optimization of planting dates 
We designed three scenarios to estimated crop yields in the future: the basic scenario with non-
adjusted crop calendars and two optimized scenarios with adjusted crop calendars. Considering 
future changes in water and thermal conditions, we shifted current planting dates of rice and wheat 
by ±30 days in one-day steps, and combined them to obtain 7442 crop calendars of double-rice and 
rice-wheat systems (Figure 2). We removed calendar scenarios in which two growing seasons 
overlapped each other with altered planting and harvest dates. I The first optimization strategy is 
based on maximum annual yields of double-rice and rice-wheat cropping systems, and the second 
strategy to select optimal calendar follows these steps: 1) obtaining Pareto non-dominated solutions 
based on minimum irrigation need and least heat stress in each simulation unit; 2) selecting the point 
with highest yield in solved Pareto non-dominated solutions; 3) if the optimized yield potential is not 
higher than the original potential yield, then the simulation unit will not be adjusted for cropping 
calendar.  
 
In such multiple-objective optimization, it is common that conflicts exist among crop yield 
maximization, irrigation water saving, and heat stress reduction. There is no single optimal solution; 
rather there is a set of alternative solutions, namely Pareto-optimal solutions, are optimal in the wider 
sense that no other solutions in the search space are superior when all the objectives are considered 
(Ripon et al., 2010). In a Pareto-optimal set, any two solutions of this set do not dominate each other, 
and one or more members of this set dominate all other solutions in the search space excluding this 
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set. Figure 3 shows a Pareto front for irrigation water use and heat stress days, which are subject to 
minimization. In the study, we used non-dominated sorting in genetic algorithms-II (NSGA-II) (see 
more algorithmic details in Deb et al. (2002)) to calculate the Pareto front for minimum irrigation and 
least heat stress and selected the point with highest yield in the Pareto front as a best solution to shift 
planting dates. 
 
 
Figure 3  A Pareto front for minimum irrigation water use and heat stress days under different crop 
calendars in a simulation unit of Punjab, India 
 
2.4 Definition of area classification  
In order to discuss the spatial heterogeneity of relationships between crop yield improvement, 
irrigation water requirement, and heat stress mitigation in the study area, we computed the 
differences of these objectives between the two optimization scenarios and the non-optimization 
scenario in each simulation unit and divided the units into three regions with priority levels of A, B, 
and C, representing different relationships among the three objectives when shifting crop calendars.  
 
Taking the scenario with non-adjusted calendars under RCP 8.5 in 2080s as a baseline, the ratio 
of yield improvement and the changes in irrigation volumes and heat stress days by single- and multi- 
optimized crop calenda are computed as follows: 
 
∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑎𝑥 = (𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑎𝑥 − 𝑌𝑖𝑒𝑙𝑑𝑛_𝑛𝑜)/𝑌𝑖𝑒𝑙𝑑𝑛_𝑛𝑜                                   (4) 
∆𝐼𝑟𝑟𝑖𝑛_𝑚𝑎𝑥 = (𝐼𝑟𝑟𝑖𝑛_𝑚𝑎𝑥 − 𝐼𝑟𝑟𝑖𝑛_𝑛𝑜)/𝐼𝑟𝑟𝑖𝑛_𝑛𝑜                                       (5) 
∆𝐻𝑒𝑎𝑡𝑛_𝑚𝑎𝑥 = (𝐻𝑒𝑎𝑡𝑛_𝑚𝑎𝑥 − 𝐻𝑒𝑎𝑡𝑛_𝑛𝑜)/𝐻𝑒𝑎𝑡𝑛_𝑛𝑜                                   (6) 
∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑢𝑙𝑡𝑖 = (𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑢𝑙𝑡𝑖 − 𝑌𝑖𝑒𝑙𝑑𝑛_𝑛𝑜)/𝑌𝑖𝑒𝑙𝑑𝑛_𝑛𝑜                                 (7) 
∆𝐼𝑟𝑟𝑖𝑛_𝑚𝑢𝑙𝑡𝑖 = (𝐼𝑟𝑟𝑖𝑛_𝑚𝑢𝑙𝑡𝑖 − 𝐼𝑟𝑟𝑖𝑛_𝑛𝑜)/𝐼𝑟𝑟𝑖𝑛_𝑛𝑜                                        (8) 
∆𝐻𝑒𝑎𝑡𝑛_𝑚𝑢𝑙𝑡𝑖 = (𝐻𝑒𝑎𝑡𝑛_𝑚𝑢𝑙𝑡𝑖 − 𝐻𝑒𝑎𝑡𝑛_𝑛𝑜)/𝐻𝑒𝑎𝑡𝑛_𝑛𝑜                                   (9) 
 
where ∆𝑌𝑖𝑒𝑙𝑑𝑛, ∆𝐼𝑟𝑟𝑖𝑛, and ∆𝐻𝑒𝑎𝑡𝑛 are rates of changes in annual yield, irrigation water requirement, 
and heat stress days relative to baseline scenario in simulation unit n, respectively. The subscripts 
‘max’, ‘multi’, and ‘no’ mean the index simulated in max-yield optimization, multi-objective 
optimization, and non-optimization, respectively. Due to the optimization methods, ∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑎𝑥 and 
∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑢𝑙𝑡𝑖 are greater than or equal to 0 meanwhile ∆𝐼𝑟𝑟𝑖𝑛_𝑚𝑢𝑙𝑡𝑖 and ∆𝐻𝑒𝑎𝑡𝑛_𝑚𝑢𝑙𝑡𝑖 are less than or 
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equal to 0. 
In a specific simulation unit, if ∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑢𝑙𝑡𝑖 > 0.1 , then 𝑢𝑛𝑖𝑡 𝑛 ∈ 𝑎𝑟𝑒𝑎 𝐴 . If ∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑢𝑙𝑡𝑖 <
0.1 & ∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑎𝑥 > 0.1 , then 𝑢𝑛𝑖𝑡 𝑛 ∈ 𝑎𝑟𝑒𝑎 𝐵 . If ∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑢𝑙𝑡𝑖 < 0.1 & ∆𝑌𝑖𝑒𝑙𝑑𝑛_𝑚𝑎𝑥 < 0.1 , then 
𝑢𝑛𝑖𝑡 𝑛 ∈ 𝑎𝑟𝑒𝑎 𝐶. In this case, grain yields in region A could be improved by more than 10% with multi-
objective optimization, which means significant yield improvement, irrigation water saving, and heat 
stress mitigation could be achieved simultaneously by adjusting crop calendars; region B is the area 
where grain yields could be improved by more than 10% with max-yield optimized crop calendars, 
but cropping systems are likely to consume more irrigation water and be attacked by more heat 
waves; region C represents the less favorable area to promote crop calendar adjustment, where the 
improvement of grain yields is limited to less than 10%. 
 
3 Results 
3.1  Model validation 
The model parameters used in this study have been calibrated and validated in several sites in India 
and Bangladesh (Jalota et al. ,2012; Xiong et al. ,2014; Wang et al. ,2020) and we further evaluated 
the yield and phenology performance of EPIC model simulation based on pixel-scale crop calendars 
by RiceAtlas in the study region. 
  
3.1.1 Crop yield potential evaluation 
On the regional scale, the mean potential yield of main-season wheat in India during 2003-2015 
simulated by calibrated EPIC model is 6.50 t/ha, which is 0.12 t/ha higher than the up-scaling location-
specific estimate from GYGA in India. The mean potential yield of main-season rice is 10.43 t/ha, only 
0.06 t/ha lower than the estimate from GYGA in India and Bangladesh. On the site scale, potential 
yields of rice and wheat estimated by EPIC model compare well with the data of GYGA (Figure 4).  
 
In addition to GYGA data, we also compared the rice simulation results with those obtained 
by field experiments, statistical methods, and crop model simulation of previous studies in the 
BIM countries (Table 2). It can be found that potential yields estimated by empirical statistical 
methods, such as investigation of actual yields and analysis of boundary functions, are lower than 
the results from the model simulation in the study by 4.5 t/ha on average (Waddington et al.,2010; 
Neumann et al., 2010, Foley et al., 2011; Mueller et al., 2012), while potential yields estimated by 
EPIC model simulation and upscaling research with multiple models are slightly higher than the 
results in this study by 0.5 t/ha on average (Wart et al., 2013, Ittersum et al., 2013; Wang et al., 
2018). Moreover, simulation results in this study basically fall in the range of potential yields 
estimated by field experimental methods (Peng, 1999). It can be found that potential yields 
estimated by crop models and field experiments are closer to our simulation results compared 
with statistical estimation. 
 
Simulated total annual potential yields of double-rice systems and rice-wheat rotation systems 
in the study region are 19.40 t/ha and 17.06 t/ha during 2003-2015, respectively. The annual potential 
yields of double-rice and rice-wheat rotation systems in Andhra Pradesh, Punjab state, West Bengal 
state, and northwestern Bangladesh are over 20 t/ha due to longer crop growth seasons, better 
thermal conditions, and more solar radiation (Figure 5). 
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Table 2  Rice potential yield estimation by field experiments, statistical methods, and crop model 
simulation of previous studies in the BIM countries. 
 
 
 
 
 
 
 
Figure 4  potential yields of rice and wheat estimated by EPIC model and GYGA database 
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Figure 5  Spatial distribution of annual crop potential yields in the BIM countries simulated by the 
EPIC model 
 
3.1.2 LAI phenology validation 
We validated the LAI dynamic simulation in Punjab state, Andhra Pradesh, and Dhaka district with the 
mean values of selected simulation units. Punjab state of India is one of the regions with the most 
extensive distribution of rice-wheat rotation systems in the world meanwhile Andhra Pradesh of India 
and Dhaka district of Bangladesh have widely distributed double-rice cropping systems. There are 
short fallow periods between the harvest dates of Kharif crop seasons and the planting dates of Rabi 
crop seasons in Punjab state and Andhra Pradesh. Compared with them, fallow periods between dry 
and wet crop seasons in double-rice systems of Dhaka are relative longer. The LAI dynamics simulated 
by the EPIC model are in good agreement with satellite observations (Figure 6).  
 
We also compared inter-annual variations (IAV) of growing season length observed by remote 
sensing and simulated by EPIC model in Punjab state during 2003-2015 (Figure 7). Although crop 
growing season length is affected by numerous environmental factors and field management, there 
is a clear negative correlation between crop season length and air temperature especially in rabi-
wheat seasons of the study region. In general, results from the EPIC model are consistent with remote 
sensing observation in the length of crop growing season. Given that rabi wheat is more consistent 
than kharif rice in the IAV comparison between EPIC simulation and MODIS observation, the length 
of wheat growing season should be more affected by air temperature than that of rice in the study 
region because EPIC model calculates growing season lengths based on air temperature and potential 
heat units. 
 
3.2 Projected climate change and crop calendar optimization 
3.2.1 Projected changes in growing season climate 
According to the future climate scenarios ensembled by ACCESS1–0, CCSM4, GFDL-CM3, CNRM-
CM5, and MPI-ESM-LR in CORDEX-SouthAsia, mean annual air temperature and precipitation in the 
study area will continuously increase under different climate scenarios (Figure 8). Current mean 
temperature and future temperature increase in rice-wheat rotation areas are both higher than that 
in double-rice cropping areas. In the areas dominated by double-rice systems, mean annual 
temperature is likely to rise by 3.6 
o
C and mean precipitation is likely to increase by 6% from 2000s by 
the end of this century under RCP8.5. In the areas dominated by rice-wheat rotation systems, by the  
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Figure 6  The LAI dynamics estimated by the EPIC model and MODIS data 
 
 
Figure 7  Inter-annual variations of growing season duration observed by remote sensing and 
simulated by EPIC model during 2003-2015 
 
end of this century, mean annual temperature is likely to rise by 3.9
o
C and mean precipitation is likely 
to increase by 15%, which shows more significant climate changes than double-rice areas. Moreover, 
the changes of temperature and precipitation are asymmetric in different seasons. Generally, the 
temperature in winter will rise faster than that in summer, and the precipitation in wet season will 
increase more than that in dry season. The mean magnitude of temperature increase is 3.3
o
C in the 
warmest quarter (March-May) and 4.3
 o
C in the coldest quarter (November-January), and the 
precipitation is likely to increase by 7% in wet season while decrease by 9% in dry season in double-
rice areas under RCP8.5 scenarios. In rice-wheat rotation areas, the average magnitude of 
 
 
 
16 
temperature increase is 3.9
o
C in the warmest quarter (April-June) and 4.8
 o
C in the coldest quarter 
(November-January), and the precipitation is likely to increase by 18% in wet season and 12% in dry 
season.  
 
Besides mean temperature change, critical temperature thresholds for wheat and rice growth is 
also important for evaluating the effect of temperature rise on wheat and rice production. Although 
winter temperatures rise faster than summer temperatures in the next decades, winter temperature 
mostly stays at or below the optimum growth temperatures for wheat and rice (20~30
 o
C), while 
summer periods with high temperatures exceeding critical temperature thresholds (30
o
C for wheat 
and 35
 o
C for rice) will be longer in the future. In double-rice areas, the period with daily temperatures 
above 30
 o
C is likely to increase from 65 days to 105 days in 2050s and to 246 days in 2080s according 
to RCP8.5 scenarios, but few days have an average temperature above 35
 o
C. In rice-wheat areas, the 
period with daily temperature above 35
 o
C is likely to increase from 6 days to 50 days in 2050s and to 
70 days in 2080s under RCP8.5 scenarios. It is expected that the first day with temperature above 35
 
o
C will come 25 days earlier and 37 days earlier than 2000s in rice-wheat rotation areas by 2050s and 
2080s, which means the increasing possibility of high temperature occurence in the harvest season of 
wheat. 
 
Cropping calendars of rice and wheat is well matched with local water and heat conditions in the 
study area at the present (Figure 8). Current growing seasons of Kharif rice makes full use of moderate 
precipitation during July to October and avoids previous rainstorms in the study area (especially in 
Bangladesh, Figure 9(a)). At the same time, the mean temperature of 25-30℃ during growing seasons 
is also the optimal temperature range for rice growth. During growing seasons of Rabi rice and wheat, 
temperatures are favorable for crop development on most days, but wheat may suffer from heat 
stress at the grain filling stage by the end of growing seasons (Figure 9(b)).  
 
3.2.2 Optimization of crop growing seasons 
According to the single- and multi- optimization results based on the crop model and 
optimization algorithms (Fig. 7), the optimal planting date of Kharif crop will be delayed and that of 
Rabi crop will be advanced, which results in both growing seasons being closer to winter season. This 
characteristic is more obvious in rice-wheat rotation areas, where summer temperature is higher than 
that in double-rice areas and the harvest day of rabi wheat is strictly limited by the critical time point 
of 30
o
C. In calendars adjusted by yield maximization under RCP8.5, the planting dates of kharif rice 
and rabi rice in double-rice systems are on average delayed by 16 days and 4 days, respectively, and 
the planting dates of kharif rice and rabi wheat in rice-wheat systems are on average delayed by 26 
days and advanced by 4 days, respectively. In calendars adjusted by multi-objective optimization 
under RCP8.5, the planting dates of kharif rice and rabi rice in double-rice systems are averagely 
delayed by 15 days and 11 days, respectively, and the planting dates of kharif rice and rabi wheat in 
rice-wheat systems are averagely delayed by 18 days and advanced by 21 days, respectively. 
Although the fallow period between planting dates of two season crops will be reduced in the 
optimized calendar, the shortened growing season duration under future warming scenarios may 
lead to an increase of growing season intervals. For rice-wheat rotation systems, the interval time 
between the harvest date of wheat and the planting date of rice increases with the temperature rise 
in optimized calendar, but it is shorter than the current interval under all climate change scenarios 
and the optimized calendar under multi-objective optimization requires shorter seasonal interval than 
that adjusted by yield maximization. On the contrary, compared with rice-wheat rotation systems, 
longer intervals and shorter lengths of growing seasons provide double-rice cropping systems more 
flexible adjustment space in crop calendars for climate change adaptation. 
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Figure 8  Temperature, precipitation and crop calendars in double-rice systems and rice-wheat 
systems of the BIM countries under baseline and projected climate for (a) rice-rice and (b) rice-wheat 
systems. T: temperature; P: precipitation; Cmax: crop calendars shifted with the criteria of yield 
maximization; Cmulti: crop calendars shifted with multi-objective optimization. 
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Figure 9  Temperature, precipitation and crop calendars in double-rice systems of Bangladesh and 
rice-wheat systems of Punjab state in India under baseline and projected climate for (a) rice-rice and 
(b) rice-wheat systems. T: temperature; P: precipitation; Cmax: crop calendars shifted with the criteria 
of yield maximization; Cmulti: crop calendars shifted with multi-objective optimization. 
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3.3 Climate impacts on crop yield potentials without shifting crop calendars 
Grain yields would decrease under RCP4.5 and RCP8.5 scenarios with current cropping calendars, 
regardless of the consideration of CO2 fertilization (Figure 10). Compared with the double-rice 
cultivation areas, the simulation results show that the rice-wheat rotation areas will have more heat 
stress days with temperature above 35 ℃ in the future, and the optimum temperature for wheat 
growth is lower than that for rice, so the negative response of rice-wheat rotation system to 
temperature rise is more significant. Nevertheless, the effect of CO2 fertilization is likely to offset the 
yield loss caused by temperature rise and maintain the potential yield without a big drop. The average 
decline of double-rice yields, and rice-wheat yields are 1% and 6% with CO2 fertilization under four 
climate change scenarios, respectively. In terms of spatial distribution, rice-wheat systems in the upper 
Ganges River Plain and the Indus River Plain, double-rice systems in the lower Ganges River Plain, 
and double-rice systems in Tamil Nadu may have a larger yield loss without changing the crop 
calendars under RCP8.5 scenarios (Figure 11 & 12).  
 
 
Figure 10  Potential yield changes under different climate scenarios with current crop calendars and 
optimized crop calendars  
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Figure 11  Potential yield changes of rice-wheat rotation systems with current crop calendars. CO2: 
considering CO2 fertilization; noCO2: without CO2 fertilization. 
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Figure 12  Potential yield changes of double-rice systems with current crop calendars. CO2: 
considering CO2 fertilization; noCO2: without CO2 fertilization. 
 
 
3.4 Crop yield potentials under projected climate change with adjusted crop calendars 
According to the model simulation, the yield loss may be reversed by shifting the crop calendars in 
the study area under most climate change scenarios (Figure 10). Adjustment of current crop calendars 
by yield maximization is likely to improve 15% of the double-rice yields and 3% of the rice-wheat yields, 
and adjustment of crop calendars by less irrigation need and heat stress days is likely to improve 6% 
of the double-rice yields and maintain the rice-wheat yields when considering CO2 fertilization.  
 
The effects of different optimization schemes on potential yields are highly heterogeneous in 
spatial distribution (Figure 13 & 14). Potential yield gap of rice-wheat systems between the basic 
scenario with non-adjusted crop calendars and the optimized scenarios with adjusted crop calendars 
under RCP8.5 reaches  15~20% in northwestern India, while it is only 5~10% in the middle Ganges 
River Plain. In double-rice areas, the potential yield gap in Bihar and Tamil Nadu of India, Rangpur of 
Bangladesh, central Myanmar, and parts of the Irrawaddy Delta is larger than other areas by optimized 
crop calendar with yield maximization. However, not all regions are able to achieve the maximum 
potential yields due to changes in irrigation water needs and heat wave effects on agricultural 
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activities compared with scenarios simulated by original crop calendars. By comparing the results of 
max-yield and multi-objective optimization, most rice-wheat rotation systems in the study region 
could achieve a balance of mitigating yield loss, saving irrigation water, and avoiding heat wave. 
However, these optimization objectives are contradictory in many areas with double-rice systems, 
such as West Bengal, Bihar, and Tamil Nadu in India, most areas in Bangladesh, and the Irrawaddy 
Delta in Myanmar.  
 
 
Figure 13  Potential yield improvement with adjusting crop calendars compared to the basic scenario 
with non-adjusted crop calendars in rice-wheat rotation systems under RCP 8.5. (a) Cmax: crop 
calendars shifted with the criteria of yield maximization; (b) Cmulti: crop calendars shifted with multi-
objective optimization. 
 
 
Figure 14  Potential yield improvement with adjusting crop calendars compared to the basic scenario 
with non-adjusted crop calendars in double-rice rotation systems under RCP 8.5 (a) Cmax: crop 
calendars shifted with the criteria of yield maximization; (b) Cmulti: crop calendars shifted with multi-
objective optimization. 
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3.5 Relationships between crop yield improvement, irrigation water requirement, and heat 
stress mitigation in the study area 
Shifting crop calendars may significantly mitigate yield losses in the future, but such climate 
adaptation measures are not suitable for all areas in the study region. According to the classification 
results, nearly half of the study area have the potential to increase yield by more than 10% through 
changing crop calendars, but 59% of these areas would face contradictions in obtaining crop yield 
improvement, saving irrigation water, and mitigating heat stress under climate change (Figure 15). 
The regions with the capacity to concurrently improve crop yield and reduce irrigation water 
requirement through adjusting local crop calendars only account for 18% of the total study area. In 
India, Punjab state is one of the most favorable areas to promote crop calendar adjustment, where 
potential yields of rice-wheat rotation systems could be improved by up to 20%, irrigation volume 
could be cut down by 127mm, and temperature stress days could be reduced by 24 days with multi-
objective optimized crop calendars. In Bangladesh, Rangpur is the most favorable area to shift crop 
calendar in the future, where potential yields of double-rice cropping systems could be improved by 
up to 17% and irrigation volume could be reduced by 289mm. Since future temperature in Rangpur 
is suitable for crop growth, there is no significant change in heat stress days before and after adjusting 
the crop calendar. In Myanmar, central rain shadow area is a favorable area to adjust crop calendars, 
where potential yields of double-rice systems could be improved by up to 26%, irrigation volume 
could be cut down by up to 253mm, and temperature stress days could be reduced by 15 days in 
Mandalay through multi-objective optimization.  
 
 
Figure 15  Priority of promoting crop calendar adjustment as an adaptation measure to climate 
change in India, Bangladesh, and Myanmar. 
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4 Discussion 
4.1 Evaluation of potential yield simulation 
This study focuses on the simulation of potential yield change driven by temperature rise and 
planting date adjustment with adequate fertilization and irrigation rather than actual yield 
variation, because low price of rice products, plant diseases and insect pests, inappropriate field 
management, weed competition, and soil fertility degradation were also important limitations for 
crop yields in southern Asian rice farming systems and rice-wheat rotation systems (Waddington 
et al., 2010). It is difficult for EPIC model to accurately distinguish and extract the effects of these 
factors, especially the influence of socio-economic factors, on actual yields under climate change. 
 
Generally, the simulation result of rice potential yield is 0.5t/ha lower than the previous 
model simulation in the BIM countries (Table 2). One of the reasons is the consideration of 
spatially detailed crop calendars in the study. Due to socio-economic factors, not all crop seasons 
are fully matched with climatic conditions in the study area, leading to a reduction of potential 
yields. According to the model results based on RiceAtlas, in addition to the time phase of rice 
growing seasons, the length of rice growing seasons also has a great impact on the simulation 
of potential yield, which emphasized the significance of using fine spatial-resolution calendars in 
regional-scale simulation. 
 
4.2 Uncertainties in simulating CO2 fertilization  
Rice and wheat are both C3 crops, which are more sensitive to elevated CO2 compared with C4 
crops (Kimball, 1983). In this study, simulated CO2 fertilization - impacting biomass accumulation 
and transpiration efficiency - raised the crop yield by 11-39%, showing a similar tendency with 
field experiments conducted in South Asia by De Costa et al. (2007) and Roy et al. (2015). 
Nevertheless, CO2 fertilization was found to reduce or disappear under wetter, drier, and/or 
hotter conditions when the forcing variable exceeded its intermediate regime (Obermeier et al., 
2017). Compared with parameters of yield response to temperature change, those used to 
estimate CO2 fertilization in process-based models are likely to be highly unreliable (Agnolucci, 
2020). More experiments are needed to determine whether the effect of CO2 fertilization can 
offset the negative effects of temperature rise under different field management practices in 
future. 
 
4.3 Response of crop season length to temperature rise 
In the study, we found that the response of wheat growing season to temperature rise evident in 
the MODIS data indicate greater sensitivities of season length to warming compared with that 
implied by EPIC models. Lobell et al. (2012) also found the same phenomenon in wheat 
simulation by CERES-Wheat and APSIM model. But this result doesn’t hold in rice, which has a 
higher growth temperature threshold than wheat. It reflects that the growing season length 
probably depend on the degree to which warming results in increased exposure to heat above 
critical thresholds and commonly used crop models underestimate the impacts of heat stress on 
wheat senescence in India. An another interesting finding is that, unlike what is generally believed, 
shortened growing season does not always result in a decrease in crop production if extreme 
heat can be avoided at the end of growing season, of which some rice-wheat rotation systems 
in northwestern India are good examples. 
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Because triple-cropping system is not as widely distributed as the double-cropping system 
in the study area and its calendar adjustment has less flexibility, we only discussed shifting 
planting dates of double-cropping systems in the BIM countries. Owing to more frequent heavy 
rain and shorter time window for crops to grow below 30 oC and 35 oC in the future (Figure 8 & 
9), it will be a great challenge to improve cropping intensity from single-crop to double-crop or 
triple-crop in the study area. 
 
4.4 Challenges from shortened fallow period in rice-wheat rotation system 
Though areas with A-level priority (Figure 15) could significantly mitigate crop yield loss and 
reduce considerable irrigation water use by shifting crop planting dates, the values showed in 
results are theoretical maximums based on climate limitations and it requires a great effort to 
achieve in practice. For parts of rice-wheat rotation system in India, fallow periods between rice 
harvest dates and wheat planting dates are expected to be curtailed within one week to pursue 
the highest potential yield in the future. It is necessary for policy makers and farmers to work out 
a detailed farming scheme including selection of favorable crop varieties with suitable growth 
duration, preparation of seedbed in advance, application of direct-seed technology, agricultural 
machinery operation, and deepen the understanding of climate change impacts on these 
supporting technologies. It should be also considered that limitation of labor availability, 
cultivating improved varieties, and renting seeding machines will greatly increase food 
production costs, which will restrict farmers' ability to adopt shifting planting dates as an 
adaptation measure to cope with climate change. The relationships among technology, farmer 
decision making and climate change impacts are complex, underlining the importance of 
developing a subnational level dataset of economic variables at fairly fine resolution that provides 
information on farmer access to different levels of technology (Toshichika 2015). 
 
5 Conclusions 
We investigated potentials and limitations of adjusting crop calendars for climate change 
adaptation of two most widely distributed food production systems over India, Bangladesh, and 
Myanmar. Our results imply that most yield loss in rice and wheat could be avoided, or even 
reversed through shifting planting dates if CO2 fertilization effects are realized. While there 
remains uncertainty around the effects of CO2 on crop growth, model results indicate that 
adjusting crop calendars has great potential to mitigate yield reduction induced by temperature 
rise in the study area. Different from single-crop studies, we simulated double-rice and rice-
wheat systems as a whole and considered the future variation of fallow periods between crop 
growing seasons under climate change with the multi-objective optimized scenarios. Fallow 
periods between kharif-rice harvest dates and rabi-rice planting dates in double-rice systems 
are likely to become longer due to shorter growing season duration in the future, meanwhile 
fallow periods between kharif-rice harvest dates and rabi-wheat planting dates in rice-wheat 
systems are likely to become shorter due to advanced planting dates of rabi wheat. It indicates 
that double-rice systems in the BIM countries will have more flexibility to cope with smaller time 
windows for crop growth and development: there will be longer fallow periods between two 
cropping seasons and more favorable air temperature range for double-rice systems than 
wheat-rice systems in South Asia. Moreover, nearly half of the study area have the potential to 
increase yield by more than 10% through changing crop calendars compared to the basic scenario 
with non-adjusted calendars under RCP8.5 in 2080s, but 59% of these areas would face contradictions 
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in obtaining crop yield improvement, saving irrigation water, and mitigating heat stress under climate 
change. The areas suitable to adopt shifting planting dates as one of adaptation strategies, such 
as Punjab state in India and Rangpur in Bangladesh, are also the areas with shortened growing 
season intervals, which requires great efforts to achieve the adaptation objectives under climate 
change. Therefore, the trade-off among economic cost, environmental impacts, and food 
security should be carefully considered for local governments and farmers to promote 
adjustment of crop calendars in the future. 
 
References: 
[1] Acharjee T K, van Halsema G, Ludwig F, et al. Shifting planting date of Boro rice as a climate change 
adaptation strategy to reduce water use[J]. Agricultural Systems, 2019, 168: 131-143. 
[2] Agnolucci P, Rapti C, Alexander P, et al. Impacts of rising temperatures and farm management practices 
on global yields of 18 crops[J]. Nature Food, 2020, 1(9): 562-571. 
[3] Basak J K, Ali M A, Islam M N, et al. Assessment of the effect of climate change on boro rice production 
in Bangladesh using CERES-Rice model[C]//Proceedings of the international conference on climate 
change impacts and adaptation strategies for Bangladesh. 2009: 18-20. 
[4] Batjes N H, 2015. World soil property estimates for broad-scale modelling (WISE30sec). Report 
2015/01, ISRIC – World Soil Information, Wageningen (with data set, available at www.isric.org). 
[5] Challinor A J, Watson J, Lobell D B, et al. A meta-analysis of crop yield under climate change and 
adaptation[J]. Nature Climate Change, 2014, 4(4):287-291. 
[6] De Costa W, Weerakoon W M W, Chinthaka K G R, et al. Genotypic variation in the response of rice 
(Oryza sativa L.) to increased atmospheric carbon dioxide and its physiological basis[J]. Journal of 
Agronomy and Crop Science, 2007, 193(2): 117-130. 
[7] Deb K , Pratap A , Agarwal S , et al. A fast and elitist multiobjective genetic algorithm: NSGA-II[J]. 
IEEE Transactions on Evolutionary Computation, 2002, 6(2):182-197. 
[8] Fan L, Lu C H, Chen Z. A review of EPIC model and its applications [J]. Progress in Geography, 2012, 
31(5): 584-592. (in Chinese) 
[9] FAO, IFAD, UNICEF, WFP and WHO. The State of Food Security and Nutrition in the World 2020. 
Transforming food systems for affordable healthy diets. Rome, FAO, 2020. 
https://doi.org/10.4060/ca9692en 
[10] Foley J A, Ramankutty N, Brauman K A, et al. Solutions for a cultivated planet[J]. Nature, 2011, 
478(7369): 337-342. 
[11] Gassman P W, Williams J R, Benson V W, et al. Historical development and applications of the EPIC 
and APEX models[C]//2004 ASAE Annual Meeting. American Society of Agricultural and Biological 
Engineers, 2004: 1. 
[12] Hirose T. Development of the Monsi–Saeki theory on canopy structure and function[J]. Annals of 
 
 
 
27 
botany, 2005, 95(3): 483-494. 
[13] Iizumi T, Ramankutty N. How do weather and climate influence cropping area and intensity?[J]. Global 
Food Security, 2015, 4: 46-50. 
[14] International Food Policy Research Institute, 2019. Global Spatially-Disaggregated Crop Production 
Statistics Data for 2000 Version 3.0.7, https://doi.org/10.7910/DVN/ A50I2T, Harvard Dataverse, V2. 
Accessed in 1 Jan 2020. 
[15] IPCC, 2013. Summary for policymakers. In: Stocker, T.F., Qin, D., Plattner, G.-K., Tignor, M., Allen, 
S.K., Boschung, J., Nauels, A., Xia, Y., Bex, V., Midgley, P.M. (Eds.), Climate Change 2013: The 
Physical Science Basis. Contribution of Working Group I to the Fifth Assessment Report of the 
Intergovernmental Panel on Climate Change. Cambridge University Press, Cambridge, United 
Kingdom and New York, NY, USA. 
[16] Jalota S K, Kaur H, Ray S S, et al. Mitigating future climate change effects by shifting planting dates 
of crops in rice–wheat cropping system[J]. Regional Environmental Change, 2012, 12(4): 913-922. 
[17] Karim M R, Ishikawa M, Ikeda M, et al. Climate change model predicts 33% rice yield decrease in 
2100 in Bangladesh[J]. Agronomy for sustainable development, 2012, 32(4): 821-830. 
[18] Kimball B A. Carbon dioxide and agricultural yield: An assemblage and analysis of 430 prior 
observations 1[J]. Agronomy journal, 1983, 75(5): 779-788. 
[19] Laborte A G, Gutierrez M A, Balanza J G, et al. RiceAtlas, a spatial database of global rice calendars 
and production[J]. Scientific data, 2017, 4: 170074. 
[20] Lobell D B, Sibley A, Ortiz-Monasterio J I. Extreme heat effects on wheat senescence in India[J]. 
Nature Climate Change, 2012, 2(3): 186-189. 
[21] Mainuddin M, Kirby M, Hoanh C T. Adaptation to climate change for food security in the lower 
Mekong Basin[J]. Food Security, 2011, 3(4): 433-450. 
[22] Mishra V, Mukherjee S, Kumar R, et al. Heat wave exposure in India in current, 1.5 °C, and 2.0 °C 
worlds[J]. Environmental Research Letters, 2017, 12. 
[23] Monteith J L. Climate and the efficiency of crop production in Britain[J]. Philosophical Transactions 
of the Royal Society of London. B, Biological Sciences, 1977, 281(980): 277-294. 
[24] Mueller N D, Gerber J S, Johnston M, et al. Closing yield gaps through nutrient and water 
management[J]. Nature, 2012, 490(7419): 254-257. 
[25] Mujumdar P P. Implications of climate change for sustainable water resources management in India[J]. 
Physics and Chemistry of the Earth, Parts A/B/C, 2008, 33(5): 354-358. 
[26] Neumann K, Verburg P H, Stehfest E, et al. The yield gap of global grain production: A spatial 
analysis[J]. Agricultural systems, 2010, 103(5): 316-326. 
[27] Obermeier W A, Lehnert L W, Kammann C I, et al. Reduced CO 2 fertilization effect in temperate C3 
 
 
 
28 
grasslands under more extreme weather conditions[J]. Nature Climate Change, 2017, 7(2): 137-141. 
[28] Peng S, Cassman K G, Virmani S S, et al. Yield potential trends of tropical rice since the release of IR8 
and the challenge of increasing rice yield potential[J]. Crop Science, 1999, 39(6): 1552-1559. 
[29] Ripon K S N, Glette K, Høvin M, et al. A genetic algorithm to find pareto-optimal solutions for the 
dynamic facility layout problem with multiple objectives[C]//International Conference on Neural 
Information Processing. Springer, Berlin, Heidelberg, 2010: 642-651. 
[30] Roy K S, Bhattacharyya P, Nayak A K, et al. Growth and nitrogen allocation of dry season tropical rice 
as a result of carbon dioxide fertilization and elevated night time temperature[J]. Nutrient cycling in 
agroecosystems, 2015, 103(3): 293-309. 
[31] Ruane A C, Phillips M M, Cynthia R. Climate shifts within major agricultural seasons for +1.5 and 
+2.0 °C worlds: HAPPI projections and AgMIP modeling scenarios[J]. Agricultural and Forest 
Meteorology, 2018, 259:329-344. 
[32] S Manikandan, S Pazhanivelan, KP Ragunath and M Radha. Comparison of MODIS and Pocket LAI 
derived rice leaf area index in Thiruvarur district. Int. J. Chem. Stud., 2019; 7(3): 5141-5144 
[33] Sacks W J, Deryng D, Foley J A, et al. Crop planting dates: an analysis of global patterns[J]. Global 
ecology and biogeography, 2010, 19(5): 607-620. 
[34] Sakamoto T, Yokozawa M, Toritani H, et al. A crop phenology detection method using time-series 
MODIS data[J]. Remote sensing of environment, 2005, 96(3-4): 366-374. 
[35] Shelley I J, Takahashi-Nosaka M, Kano-Nakata M, et al. Rice cultivation in Bangladesh: present 
scenario, problems, and prospects[J]. Journal of International Cooperation for Agricultural 
Development, 2016, 14(4): 20-29. 
[36] Spijkers M A. Implications of climate change on agriculture and food security in South 
Asia[M]//Climate Change and Food Security in South Asia. Springer, Dordrecht, 2010: 217-227. 
[37] United Nations. Transforming our world: the 2030 Agenda for Sustainable Development[J]. Division 
for Sustainable Development Goals: New York, NY, USA, 2015. 
[38] Van Ittersum M K, Cassman K G, Grassini P, et al. Yield gap analysis with local to global relevance—
a review[J]. Field Crops Research, 2013, 143: 4-17. 
[39] Van Wart J, van Bussel L G J, Wolf J, et al. Use of agro-climatic zones to upscale simulated crop yield 
potential[J]. Field crops research, 2013, 143: 44-55. 
[40] Viovy N. CRUNCEP version 7-atmospheric forcing data for the community land model[J]. Research 
Data Archive at the National Center for Atmospheric Research, Computational and Information 
Systems Laboratory, Boulder CO, USA, 2018. 
[41] Waddington S R, Li X, Dixon J, et al. Getting the focus right: production constraints for six major food 
crops in Asian and African farming systems[J]. Food security, 2010, 2(1): 27-48. 
 
 
 
29 
[42] Waha K , Müller, C, Bondeau A , et al. Adaptation to climate change through the choice of cropping 
system and sowing date in sub-Saharan Africa[J]. Global Environmental Change, 2013, 23(1):130-143. 
[43] Wang X, Wang S, Chen J, et al. Simulating potential yields of Chinese super hybrid rice in Bangladesh, 
India and Myanmar with EPIC model[J]. Journal of Geographical Sciences, 2018, 28(7): 1020-1036. 
[44] Wang X, Wang S, Li X, et al. Modelling rice yield with temperature optima of rice productivity derived 
from satellite NIRv in tropical monsoon area[J]. Agricultural and Forest Meteorology, 2020, 294: 
108135. 
[45] Wheeler T, Von Braun J. Climate change impacts on global food security[J]. Science, 2013, 341(6145): 
508-513. 
[46] Williams J R. EPIC-erosion/productivity impact calculator: 1. Model documentation[J]. Technical 
Bulletin - United States Department of Agriculture, 1990, 4(4):206-207. 
[47] Xiong W, Balkovič, Juraj, Marijn V D V , et al. A calibration procedure to improve global rice yield 
simulations with EPIC[J]. Ecological Modelling, 2014, 273. 
 
  
 
 
 
30 
 
